Note. The figure was produced by searching Web of Science on the terms "reproduction number" or "reproductive number" and limiting the results to the fields of infectious diseases, mathematical computational biology, and applied mathematics. Clearly, interest in research regarding the basic reproductive number has risen dramatically since the 1990s. The number of publications in this area currently appears to be growing exponentially. 
We assessed public health use of R 0 , the basic reproduction number, which estimates the speed at which a disease is capable of spreading in a population. These estimates are of great public health interest, as evidenced during the 2009 influenza A (H1N1) virus pandemic.
We reviewed methods commonly used to estimate R 0 , examined their practical utility, and assessed how estimates of this epidemiological parameter can inform mitigation strategy decisions.
In isolation, R 0 is a suboptimal gauge of infectious disease dynamics across populations; other disease parameters may provide more useful information. Nonetheless, estimation of R 0 for a particular population is useful for understanding transmission in the study population. Considered in the context of other epidemiologically important parameters, the value of R 0 may lie in better understanding an outbreak and in preparing a public health response. ( 1,2 Efforts focused on the rapid estimation of the basic reproduction number, or R 0 , of this virus. R 0 is a theoretical parameter that provides some information regarding the speed at which a disease is capable of spreading in a specific population. First estimates were published online by early May 2009. 1, 2 Estimates of R 0 continue to be published from other countries and as more data become available.
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As an indicator of the interest in publications concerning R 0 , an early publication on the pandemic potential of the 2009 H1N1 strain by Fraser et al. 1 has garnered 654 citations as of February 7, 2013 . Although the influenza pandemic explains much of the recent interest in the basic reproduction number, this interest is not limited to the field of influenza. Web of Science searches on the terms "reproduction number" or "reproductive number" revealed that there have been 710 publications on this topic from 2009 through February 7, 2013 , across various disciplines, with most articles being published in journals covering infectious diseases and mathematical modeling. Table A (available as a supplement to this article at http:// www.ajph.org) shows breakdown by journal. If the search is expanded to include data from previous years, it is clear that there has been exponential growth by calendar year in the number of publications on this topic ( Figure 1 ). Why is there such growing interest in R 0 among the disciplines interested in the dynamics of infectious diseases? To help better understand the interest in the basic reproduction number among public health officials, infectious disease researchers, and theoretical modelers, we reviewed the derivation of R 0 and its history. We present a basic epidemiological compartmental model (a susceptible---infected---recovered or SIR model with S, I, and R representing the 3 compartments) described by Kermack and McKendrick. 12 In this relatively simple model designed to describe epidemics, individuals start as susceptible to a particular pathogen and then progress to the other 2 compartments if infected. The model is defined by a system of 3 ordinary differential equations (ODEs):
in which b is the transmission rate, c is the recovery rate (or the inverse of the infectious period), and N is the total population size such that N = S + I + R. 
R 0 IN SIMPLE MODELS
First we considered the information available by estimating R 0 in simple models such as the one described by equation 1. Modelers can alter the SIR model by adding or removing additional "compartments." For example, we can remove the recovered class (R) for diseases in which recovered individuals return to the susceptible class, thus converting it to an SIS model that can be used for diseases such as the common cold. 16 We could also add other compartments, such as an "exposed" class (E) if the disease has a significant latent period relative to the infectious period, yielding the SEIR model, which is often used for influenza. 17 With additional modifications to the base model, compartmental models can rapidly become complex. We restrict our discussion to SIR or SEIR models because they are useful for demonstrating essential characteristics of R 0 , and, importantly, for each of these models, R 0 = b/c. The difference between the equations for SIR and SEIR models is simply the addition of a fourth ODE to those presented in equation 1 that describes the dynamics of the exposed (or latent) class of individuals. 17 This ODE adds an additional parameter, m, that represents the rate at which individuals move from the latent class to the infected class; it is helpful to note that that m is inversely proportional to the latent period of a disease (i.e., for disease with a long latent period, m is small). Examples of the disease dynamics produced by SIR and SEIR models with an R 0 = 1.5 are shown in Figure 2 , illustrating that, even for simple models, the model chosen drives the predicted disease dynamics even when the same basic reproductive number is used. This illustrates that we must understand the compartments in use, the time spent in each compartment, and whether each of these compartments is relevant for the disease in question. Furthermore, another disease characteristic, called the generation time, needs to be known before we can utilize R 0 to predict the resulting time dynamics of an outbreak.
R 0 AND PARAMETERS OF INTEREST FOR PUBLIC HEALTH
A number of characteristics of an epidemic may be of interest to public health officials and policymakers in formulating possible responses. The overall dynamics of the epidemic is only one set of characteristics. Others may include attack rate, illness duration, generation time, time to peak incidence, and even properties including the phase of an influenza pandemic, as defined by the World Health Organization or a national government. 18 Therefore, we asked how much estimates of the basic reproductive number assist public health response initiatives by providing information about timing and severity of a disease outbreak.
To assess the utility of estimates of R 0 in controlling influenza pandemics, we solved SIR and SEIR models over a broad range of input parameters. The key parameters in these models were the population size, N; the transmission rate, b; the latency period, % 1/m; the recovery rate, c; and the basic reproductive number, R 0 = b/c. Our strategy in these analyses was to fix R 0 at some value and analyze how the system dynamics changed when altering the other parameters, providing an opportunity to determine if the information gained from R 0 estimates was relevant. We chose R 0 = 1.5 as a baseline because it is a value that has been applied to previous influenza pandemics and is also near the mean estimate for the 2009 H1N1 pandemic.
The overall attack rate, the percentage of individuals who will get sick during an outbreak in a given population, may be the one disease characteristic of most interest to public health authorities, and the attack rate is the characteristic that appears to be most plausibly predicted by using estimates of R 0 . Figure 3 shows attack rates for a given basic reproductive number using SIR and SEIR models; the plotted curve has been formally derived and shown to be a transcendental equation. 19 In more complex epidemiological models, however, it is unclear how to estimate R 0 ; and predicting attack rates may no longer be possible using R 0 alone. To predict the duration of an epidemic, R 0 may also be applied Note. SEIR = susceptible-exposed-infected-recovered; SIR = susceptible-infected-recovered. These 2 models have identical values of R 0 (specifically R 0 = 1.5). Obviously, the SIR model and the SEIR model produce dramatically different dynamics. The epidemic predicted by the SIR model peaks earlier and has a higher peak incidence as well as shorter duration than the epidemic predicted by the SEIR model. These differences in dynamics simply reflect whether modelers (or other researchers) believe there is a latent period for a virus. The parameters used for these plots were N = 1000; b = 0.1; c = 0.0667; m = 0.1. successfully (Figure 4a ), as the epidemic duration (measured here as the time between the occurrence of 5% and 95% cumulative incidence) is not dependent on N. However, this relationship does not hold for SEIR models (Figure 4b ), as the latency period has dramatic effects on the persistence of the epidemic. As the latency period increases, the generation time increases, protracting the duration of the epidemic. Conversely, as the latency period decreases, the model behaves increasingly like an SIR model.
Moreover, even if the overall generation time, defined here as the sum of the infectious and latent periods (1/c + 1/m), is known, the individual values of c and m may still be unknown. Without specific values for these individual parameters, it is fair to question the validity of the generation time, which subsequently affects the utility of a given model. A review of the generation times and reproductive number estimates for the 2009 H1N1 pandemic concluded that, when the individual components of the generation time were assessed, researchers underestimated generation time in outbreaks in Canada and Mexico. 20 These findings suggest that estimation of these individual parameters is needed before epidemic speed can be accurately calculated. Likewise, the speed with which an epidemic reaches certain benchmarks is critically dependent on N, b, and c ( Figure 5) , not simply on R 0 . As population size N increases, the time it takes to reach a cumulative incidence rate of, for example, 5%, increases concomitantly. An intuitive explanation is that it takes longer for 5% of a large population to become infected than the same percentage of a small population.
In a similar way, the transmission rate and recovery rate play a crucial role in the overall speed of the epidemic ( Figure 5 ). As the transmission rate increases, the pace of epidemic spread increases dramatically, while the recovery rate decreases to maintain a fixed R 0 ; decreasing the recovery rate corresponds to a decrease in generation time and an increase in wave speed (as long a latency period is held constant). Focusing on the time to peak incidence, we examined the effect of allowing R 0 to change by varying the transmission and recovery rates ( Figure 6 ). We found that, regardless of the value of R 0 , the time to peak incidence depended on the individual values of b and c; however, these effects are minimized for small reproductive numbers and maximized for large reproductive numbers.
In the discussed framework of simple SIR and SEIR models, we concluded that the basic reproductive number alone provides little information regarding the duration, generation time, speed of epidemic, and overall timing of an infectious disease such as influenza. Rather, we propose that the values of individual parameters are more critical to understanding the disease dynamics and may be more valuable to policy officials in mounting an effective public health response.
MORE COMPLEX MODELS AND R 0
Numerous modifications can be made to the basic SIR and SEIR models discussed thus far. These models assume that all individuals belong to 1 large panmictic (well-mixed) population in which all individuals are equally likely to come into contact with each other. 21 Typically, this assumption is not reasonable for most human populations, which are often highly structured, with subgroups of individuals more likely to interact with one another than with those in other subgroups. Thus, epidemiological models often use age-structured populations (for example, see Inaba and Nishiura 22 ). Such models require equations similar to those in equation 1 for each age group describing disease transmission within that age group and among other age groups. Another common method for incorporating population structure is to include variables such as household, workplace, school, and community groups in a model. 15 Many models may also include a metapopulation structure (a collection of connected populations) 3 to describe the dynamics of a disease in multiple cities, where the metapopulation dynamics explain the transmission of disease from one city to 
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Note. At least for simple models-such as the susceptible-infected-recovered (SIR) and susceptible-exposed-infected-recovered (SEIR) models discussed in this article-the basic reproductive number of an epidemic offers insight into the overall attack rate. However, estimation of R 0 often results in broad confidence intervals. Shown are the ranges for the 1918 Spanish influenza pandemic as well as the 2009 H1N1 pandemic; these ranges provide little confidence for the predicted attack rate. This problem is exacerbated at lower values of R 0 because of the asymptotic dependence of attack rate on R 0 near the y-axis (R 0 = 1).
FIGURE 3-Attack rate as predicted by R 0 based on simple models. the next. Demographic factors are also frequently added to compartment models to make models more realistic. Typical demographic terms included are birth, death, immigration, and emigration (which obviously occur in nearly every population).
Beyond just mimicking more realistic populations, modelers can introduce additional complexities into these dynamic models. Notably, public health interventions are often included in models to judge the potential impact of a particular intervention or combination of interventions. 23, 24 Compartmental models can encompass a variety of interventions, including use of antivirals, vaccines, masks, hand washing, school closure, social distancing, isolation, and quarantine. Each of these interventions requires tailoring the sometimes numerous
ODEs to incorporate new compartments and parameters. It is also noteworthy that many compartmental models also include multiple virus strains. 25 A given pathogen often has many different genetic variants (often referred to as strains) circulating in populations. Compartmental models can be modified to include various strains and consequences thereof such as strain facilitation or interference. Virtually any of the aforementioned modifications will change the predicted disease dynamics.
As illustrated previously for simple disease models, estimating R 0 does not necessarily allow for useful inference. With increasing complexity, estimating all of the parameters of a model can become overwhelming. Often it is difficult to firmly establish the few parameters that are vital for a basic SEIR model. In practice, parameter values frequently originate from a handful of studies that may not be broadly applicable. 26 In light of the difficulty of simply measuring the broad, population-level parameters of a disease, we find it unlikely that age, population, intervention, or strain-specific parameters could be estimated quickly enough to be of use for tailoring specific public health responses. Even in the case of the 2009 H1N1 pandemic, the rapid availability of R 0 estimates 1---8 was unlikely to have greatly influenced public health response planning, particularly given the variability of these estimates. Finally, for complex ODE models, and in particular for stochastic simulation models that follow individuals over time, it is not always clear exactly how to calculate the basic reproduction number and how it should be interpreted. For example, a model that includes age structure, population structure, and vaccination status could easily have more than 100 parameters. What does R 0 represent in such a model? This issue is an active area of research, with several methods having recently been proposed to address the question (see Heffernan et al. 27 for a review of this topic). The salient point is that there are different methods, and that each method can potentially produce a different estimate of R 0 . As a consequence, using the basic reproduction number to predict an attack rate is dependent on the model employed (Figure 2 ).
ERROR IN R 0 ESTIMATES AND PUBLIC HEALTH IMPLICATIONS
After considering these issues, we believe that the estimation of Note. SEIR = susceptible-exposed-infected-recovered; SIR = susceptible-infected-recovered. The duration of the epidemic was measured as the time period between a 5% cumulative disease incidence and a 95% cumulative disease incidence. The duration of the epidemic does not depend on the population size (not shown) for either an SIR model or an SEIR model. For the SIR model, as the transmission rate and recovery rate (not shown: c = b/1.5 for R 0 = 1.5) increase, the duration of the epidemic decreases. For the SEIR model (R 0 = 1.5), the latency period changes the expected duration of an epidemic; as the latency period decreases, the duration of the epidemic also decreases and converges on the SIR model. Note also that as the transmission rate declines, the dependence on the latency period diminishes. 
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the basic reproductive number, R 0 , for a particular disease epidemic has limited practical value outside the population from which the disease data originated. For example, epidemiologists have employed R 0 in understanding the 1918 influenza pandemic, making myriad estimates by applying various models, resulting in a broad range of published values. 28 This variability highlights the difficulties associated with measuring the basic reproductive number of an epidemic, even when working with a considerable body of epidemiological data from a pandemic that occurred well in the past. These difficulties are amplified in situations such as the 2009 H1N1 pandemic in which data are continually updated and are highly dependent upon the surveillance system implemented. Each surveillance system has unique strengths and weaknesses that must be accounted for, particularly the context of the country in which the system is employed.
To be more specific, substantial heterogeneity has been observed in R 0 values across different regions of the world. There is little evidence to suggest that a reproductive number for one geographic area is applicable to another, and many studies conducted within the same region have yielded a wide range of results, with an even wider range among early estimates. Statistical realities also hinder the ability to infer overall attack rates with R 0 estimates. For example, one widely cited study estimated that the 1918---1919 influenza pandemic had an R 0 of approximately 2.0. 30 However, after incorporating estimates of variance, the 95% confidence interval ranged from 1.4 to 2.8. Figure 6 shows that this range of R 0 predicts attack rates between approximately 51% and 92%. Error around lower estimates of the basic reproductive number produce even more dramatic ranges in attack rates because of the asymptotic behavior of attack as R 0 approaches 1.0 ( Figure 3 Time at peak incidence, N = 1*10 3 5% or 95% cumulative incidence, N = 1*10 6 5% or 95% cumulative incidence, N = 1*10 3 R0 = 1.5
Log [t] Transmission Rate
Note. The results shown are for a susceptible-infected-recovered (SIR) system with a fixed R 0 = 1. ) lines we can see that population size has pronounced effects on the time to certain epidemic landmarks. Landmarks chosen here are time to peak incidence (solid lines), time to 5% cumulative incidence (lower dashed gray and black lines), and time to 95% cumulative incidence (upper dashed gray and black lines). We can see that for a population of 1·10 3 , an epidemic would reach its 95% cumulative incidence before an epidemic occurring in a population of 1·10 6 reaching its 5% cumulative incidence level. This figure also illustrates the dependence of dynamics on the actual values for the transmission rate (x-axis) and the recovery rate (not shown, for the figure c = b/1.5, thus forcing R 0 = 1.5). As the transmission rate and recovery rate increase, the time for the epidemic to run its course is abbreviated. recommended school closures, particularly in border states, including Texas, which ultimately closed 800 schools, affecting 491 000 students. 32 On April 28, 2009, the CDC advised that schools close if even 1 suspected or confirmed case of H1N1 was reported, in hopes of reducing transmission to neighboring communities. However, with the influx of new data indicating a lower risk of severe illness and death, the CDC rescinded its recommendation on May 5, 2009, urging schools to remain open. 33 We assert that reliance on early approximations of R 0 , particularly those calculated in a disparate population, can lead to misinformed policy decisions.
APPLICATIONS OF R 0 IN PRACTICE
Public health responders in the United Kingdom used approaches based on modeling in near real time to determine appropriate public health interventions during the 2001 foot and mouth disease outbreak. 23 Policies enacted on the basis of modeling results were controversial and were the subject of debate in peer-reviewed literature. Uncertainty centered around how beneficial the recommended intervention was and whether less radical strategies-given that the intervention, mass culling, was viewed as economically damaging-might have been equally or even more effective.
34---39
Although we can only speculate how alternative interventions would have compared with those instituted, this debate highlights the uncertainty over public acceptance of approaches based on reducing effective reproductive ratios.
Even if accurate attack rates could be gauged from R 0 estimates, many of the more critical public health questions would remain unanswered. For example, case fatality, hospitalization, and absenteeism rates are essentially independent of disease dynamics (and thus from what can be derived from R 0 estimates), yet they are the key determinants of morbidity and mortality during an infectious disease outbreak. The 2009 H1N1 pandemic aptly illustrates this point: high attack rates did not produce correspondingly high levels of morbidity because of the relatively mild severity of infection and the low attack rates among the populations typically at greatest risk for serious influenza complications, particularly adults older than 65 years.
Another important consideration is the potential evolution of a pathogen during the course of an epidemic. In pandemics in which attack rates are high but adverse outcomes are rare, mitigation strategies must consider the possibility of the virus mutating to a more virulent form. If the 2009 H1N1 virus had genetically changed over time to become more virulent, the impact of the virus would have increased dramatically; yet such evolution is largely ignored in the types of dynamic models most used by modelers. 40 For pathogens such as influenza that experience rapid evolution, with unknown portions of the population not susceptible to various circulating strains, estimating a viable R 0 is a daunting-if not impossible-task.
CONCLUSIONS
Estimation of reproductive ratios can potentially provide valuable insights during epidemics. Note. This is a contour plot of a 3-dimensional surface based on the time to peak incidence for a susceptible-infected-recovered (SIR) model in a population of 1·10 6 . By following the ray corresponding to a particular R 0 value (e.g., R 0 = 2.5), we can see how the time to peak incidence varies for that basic reproductive number. We can see that for large values of R 0 (e.g., 5), the duration is more variable as b and c are altered (i.e., its ray crosses more contours). In fact, for R 0 = 5, the time to peak incidence varies from a little as e 3 time steps to nearly e 8 time steps (i.e., 5 log orders of magnitude).
FIGURE 6-The dependence of time to peak incidence on the transmission rate, recovery rate, and basic reproductive ratio. more rapid circulation. We emphasize that estimation of reproductive ratios from data in a particular population is still useful for that population. This parameter is, in its essence, the exponential growth rate of an ongoing epidemic and thus provides information about the current rate of transmission in the study population. The key issues for the interpretation of R values are the period for which an estimate is valid (e.g., does the estimate need to be updated weekly, based on patterns in surveillance data?), the applications thereof for theoretical practices (e.g., determining the propagation of the disease or the potential intervention impact), and how well an estimate for one population applies to another. For example, can an estimate made in California apply to Nevada? Is an R 0 for the United Kingdom relevant to New Zealand? Another critical consideration is the applicability of the estimate to a particular population (e.g., was data collected representative of an entire metropolitan area or just an unobserved subcommunity?). Other issues, such as acquiring the data necessary to establish consistent estimates with narrow confidence intervals, also need to be resolved before growth rates made with specific R values can be reliably used in public health decision-making.
If mechanisms existed to estimate real-time or near-real-time values of R e > 1, public health officials could determine if specific intervention strategies-such as school closure or quarantine-were working to alter disease dynamics and whether such interventions should be sustained. Comparison of reproductive numbers before and after public health interventions has been conducted retrospectively for the 1918 influenza pandemic, 41 but the effectiveness of an intervention measured from past epidemics is unlikely to apply to a contemporary epidemic (because of changes in social In limited circumstances (depending on accuracy), might be of useful in predicting overall attack rates.
Model · population · strain · host structure, environment, pathogens, etc.). We must recognize that, although the ability to estimate reproductive numbers in real time could be advantageous, the effectiveness of a specific intervention may vary temporally and geographically owing to changes in environment, population structure, viral evolution, and immunity; hence, estimates made in one region may not be applicable to another. Additional factors essential to the dynamics of infectious diseases, including the transmission rate, are less frequently estimated than R 0 (Table 1) . Latency period and the period of infectiousness were, however, estimated in some regions for the 2009 H1N1 pandemic. 5, 42 Tuite et al., in particular, provided a noteworthy example of estimating the individual parameters during the H1N1 pandemic, rather than solely focusing on R 0 . 5 Ideally, those parameters that are the most strain-specific and are direct targets of public health interventions should be the focus of studies conducted during outbreaks with major health and economic implications. Even for these parameters there always exists an interaction between the host and the virus that must be addressed with appropriate statistics. The basic reproductive ratio is a complicated property of an epidemic specific to the underlying model used to estimate it, the population being studied (in terms of contact patterns and demography), the host, the pathogen, and often the specific strain of the pathogen. Thus, although R 0 is an intuitive property of an epidemic, it is not especially useful in determining potential utility of control measures. However, when considered as part of a collection of estimated epidemic characteristics, R 0 may be useful in making public health decisions.
Although infectious disease modelers appreciate the issues discussed in this article, those who apply the results of mathematical models during public health responses may not have a thorough understanding of such issues. If estimates of R 0 are to be used in determining public health responses, the limitations of such estimates need to be clearly communicated to policymakers. Beyond those dedicated to calculating R 0 , resources must also be devoted to estimating other epidemic parameters such as transmission rates, infectious periods, or latent periods that have more relevance to the public health response to infectious disease outbreaks, including influenza pandemics. The analysis of Tuite et al. 5 serves as a paradigm of effective analysis of 2009 H1N1 data by highlighting a variety of transmission parameters in addition to R 0 . Further population-based evidence on how the basic reproductive number relates to disease dynamics holds great promise for optimizing public health interventions for the study population. j
